An artificial neural network (ANN) was used to predict the biosorption of methylene blue on Spirulina sp. biomass. Genetic and anneal algorithms were tested with different quantity of neurons at the hidden layers to determine the optimal neurons in the ANN architecture. In addition, sensitivity analyses were conducted with the optimised ANN architecture for establishing which input variables (temperature, pH, and biomass dose) significantly affect the predicted data (removal efficiency or biosorption capacity). A number of isotherm models were also compared with the optimised ANN architecture. The removal efficiency or the biosorption capacity of MB on Spirulina sp. biomass was adequately predicted with the optimised ANN architecture by using the genetic algorithm with three input neurons, and 20 neurons in each one of the two hidden layers. Sensitivity analyses demonstrated that initial pH and biomass dose show a strong influence on the predicted removal efficiency or biosorption capacity, respectively. When supplying two variables to the genetic algorithm, initial pH and biomass dose improved the prediction of the output neuron (biosorption capacity or removal efficiency). The optimised ANN architecture predicted the equilibrium data 5,000 times better than the best isotherm model. These results demonstrate that ANN can be an effective way of predicting the experimental biosorption data of MB on Spirulina sp. biomass.
INTRODUCTION
Many industries (such as textile, paper, plastic, cosmetics, and paint, among others) apply dyes to colour their products and large amount of dyes-containing wastewaters are generated in their processes. Discharge of these effluents is undesirable (Crini 2006 ) since it affects the aesthetic nature and interferes with transmission of sunlight into receiving streams and, consequently, reduces photosynthetic activity (Mall et al. 2006) . In addition, it has been reported that some dyes are either toxic or mutagenic, and carcinogenic (Chen et al. 2003) .
Methylene blue (MB) is commonly used for dyeing cottons, wools, and papers (Vadivelan & Kumar 2005) . Although MB is not considered as a very toxic dye, some health problems can occur in human beings, for instance: difficulties in breathing, vomiting, diarrhoea, and nausea, among others (Bhattacharyya & Sharma 2005) .
Several methods have been applied for the removal of colour from water, such as advanced oxidation processes, coagulation-flocculation, membrane systems as well as flotation processes. The major shortcomings of these technologies are the high cost in equipment and operation. In contrast, adsorption processes show advantages such as high selectivity and reasonable removal efficiency.
Biological processes such as bioaccumulation and biodegradation have been proposed as a potential application for the removal of dyes from textile wastewater (Khataee et al. 2010) . Non-growing or non-living microbial biomass has been tried to remove pollutants from aqueous solutions. When using these biosorbents, pollutants concentration in water was reduced to the recommended discharge concentration (Aksu 2005; Wu et al. 2005) .
In this research, blue-green algae Spirulina sp. biomass was chosen since this genus has a versatile metabolism: it can grow either photoautotrophically, heterotrophically, or mixotrophically (Vonshak 1997; Chojnacka & Noworyta 2004) . Biosorption on algae biomass has been attributed to their cell wall properties. The cell wall of algae biomass is surrounded by a porous three-dimensional macromolecular network consisting of such components as peptidoglycan, teichuronic acid, teichoic acid, polysaccharides, and proteins (Schiewer & Wong 2000) . Adsorption of pollutants is suggested to be due to either electrostatic attraction or complexation principally on carboxylic, hydroxyl, and/or phosphate groups found in the biosorbents surface (Aksu 2002; Satiroglu et al. 2002; Markai et al. 2003) .
Modelling of the equilibrium adsorption data is highly complex since relationships of variables (pH, temperature, biomass dose, pollutant concentration, etc.) are highly nonlinear (van Deventer et al. 1995) . Artificial neural networks (ANN) have proved to be an effective way of modelling nonlinear processes (Himmelblau 2008) . Just a few investigations have been developed to predict the removal of heavy metals and dyes from aqueous solutions by using ANN (Prakash et al. 2008; Yetilmezsoy & Demirel 2008; Khataee et al. 2010) . For example, biosorption of copper (II) by sawdust of Mangifera indica (mango tree) was studied at different experimental conditions (initial copper concentration, pH, temperature, and particle size) (Prakash et al. 2008) . The biosorption efficiency was predicted by using a recurrent network (Elman) with three hidden layers of 50, 40, and 27 neurons, respectively. In an other study, biosorption efficiency of Pb (II) by pistachio shells (Pistacia Vera L.) was also predicted with ANN (Yetilmezsoy & Demirel 2008) . In this work, 11 backpropagation algorithms with 10 neurons in the hidden layer were tested in order to determine the best algorithm. The selected algorithm was the Levenberg-Marquardt, with a tangent sigmoid transfer function at hidden layer and a linear transfer function at output layer. Similarly, the experimental data of the Basic Yellow 28 removal by electrocoagulation process were predicted by an ANN architecture consisting of seven input neurons, 10 neurons in hidden layer, and one output neuron to predict the decolor-isation efficiency (Daneshvar et al. 2006) . Mean square error values (MSEo0.0021) reported in the first two researches (Prakash et al. 2008; Yetilmezsoy & Demirel 2008) suggest that ANN can be used for predicting biosorption data. In an other study, ANN were used to predict dye removal by a biological treatment in batch systems (Khataee et al. 2010) . The input variables were pH, temperature, contact time, initial dye concentration, and algae dose. Several neurons (2-20) were tested in a single hidden layer with a sigmoid transfer function and the low mean square error (3.75E-4) was obtained with 12 neurons.
The aim of this research is to use a neural network to predict the biosorption capacity or the removal efficiency of Methylene Blue (MB) on Spirulina sp. biomass. To determine the optimised architecture, genetic and anneal algorithms were tested with varying the number of neurons at the hidden layers based on the mean square error (MSE) computed with the experimental and predicted data.
EXPERIMENTAL Biosorbent preparation
Twenty flasks containing 250 mL of BG-11 (Demain & Solomon 1986) were inoculated with an axenic culture of Spirulina sp. and incubated for 3 weeks at 251C under light-dark cycles. The algae biomass was harvested by filtering at vacuum (Whatman paper No. 40) and washed with deionised water to remove the excess of culture media. The washed biomass was dried at 601C for 30 h and stored in sterile flasks at 251C previous to the biosorption experiments.
Biosorption experiments
Suspensions of Spirulina sp. biomass were added to flasks containing 10 mL of solutions at initial MB concentration of 9.67 mg L À1 . These suspensions were stirred at 150 min À1 for 2 h (required time to achieve the equilibrium, data not shown) and biomass was separated from the suspension by filtration. Table 1 shows the experimental conditions for biosorption experiments.
The collected aliquots were analysed to determine the MB concentration with a Turner Sp-850 UV-vis spectrophotometer at 652 nm. All the experiments were carried out in triplicate and the average values were used for data analysis.
The removal efficiency (R) and the biosorption capacity q e (mg g À1 ) were calculated by Equations (1) and (2), respectively, as follows:
where C 0 and C e (mg L À1 ) are initial and equilibrium concentrations of MB, respectively, V the volume of solution (L), and m is the mass of biosorbent (g).
To obtain the adsorption isotherm, batch experiments were conducted by stirring MB solution at different initial concentrations (10-500 mg L À1 ) with a known quantity of Spirulina sp. biomass until the equilibrium was achieved (2 h). All the experiments were carried out in triplicate and the average values were used for data analysis.
Freundlich (Equation (3)), Redlich Peterson (Equation (4)), Fritz-Schlunder (Equation (5)), and Langmuir (Equation (6)) isotherm models were adjusted to the experimental data. These isotherm models were compared to the optimised ANN architecture based on the AAD value.
q e ¼ aC e
x 1 þ bC e y ; with x and y r1 ð5Þ
where n and k (mg 1À1/n L 1/n g À1 ) are the Freundlich parameters, which indicate adsorption intensity and adsorption affinity respectively; A (L g À1 ), B (L mg À1 ) b and b are the Redlich-Peterson parameters; x, y, a (L g À1 ), and b (L mg À1 ) y are the Fritz-Schlunder parameters; and q max (mg g À1 ) and b (L mg À1 ) are the Langmuir parameters associated with the maximal adsorption capacity and the relative energy of adsorption, respectively. The parameters of the isotherm models were obtained by minimising the Absolute Average Deviation (AAD) as error function shown below:
where: q exp ¼ experimental biosorption capacity, q pred ¼ predicted biosorption capacity and n ¼ number of data.
Selection of ANN architecture
In this study, the removal efficiency or the biosorption capacity of MB was predicted by the software Neural version 1.0 (Masters 1993) . In order to determine the best ANN architecture, two algorithms were tested: anneal and genetic, both with two hidden layers, and a sigmoid transfer function. This function is commonly used for predicting highly complex processes and gives a low mean square error. In this research, three non-linear parameters of the sigmoid transfer function were used as follows: one parameter was used to interconnect neurons in the next hidden layer, an other parameter is utilised as a phase constant, and the last parameter helps to adjust the curvature of the function. In other words, each neuron simultaneously works with three non-linear parameters and the output is considered as a linear function. Data were divided in two matrixes; the first one represents the experimental conditions (as shown in Table 1 ) that were used as input neurons, and the second matrix represents the experimental results (removal efficiency or biosorption capacity) as output neuron. Anneal and genetic algorithms were used to establish the optimal ANN model by varying the number of internal neurons from four to 26. Mean square error (MSE) was calculated to select the optimal ANN for all tested architectures as follows:
where: y pred and y exp represent the predicted and experimental data (either biosorption capacity or removal efficiency), respectively.
Sensitivity analysis
In order to determine how the input neurons affect the prediction capability of the output neuron (biosorption capacity or removal efficiency), runs with the best algorithm were conducted by supplying one, two, or three input neurons to estimate the MSE of all tested architectures. Input neurons were defined as: p1 (biomass dose), p2 (temperature), and p3 (pH).
RESULTS AND DISCUSSION
Selection of the optimised ANN Three input neurons (biomass dose, temperature, and pH) were supplied to the genetic or anneal algorithms. These algorithms were tested with different quantities of neurons in the two hidden layers to predict the output neuron (removal efficiency or biosorption capacity) (see Figure 1) . The data points used to train and to validate the network were 81 and 108, respectively. Mean square errors were used to compare the performance of the selected algorithms (anneal and genetic) based on the experimental and predicted data of either removal efficiency (Figure 2(a) ) or biosorption capacity (Figure 2(b) ). Similar MSE were obtained with the two algorithms from four to 12 neurons for the removal efficiency (1.1o MSEo15.5). However, the genetic algorithm with 16 neurons showed a lower MSE (0.11) compared with the anneal algorithm MSE (1.28). Consequently, genetic algorithm with 22 neurons in each one of the two hidden layers (MSE ¼ 0.03) was better than the anneal algorithm (MSE ¼ 0.11) to predict the removal efficiency.
To determine both the best algorithm and the most adequate number of neurons at the hidden layer, a similar procedure was conducted for predicting the biosorption capacity of MB on Spirulina sp. biomass (Figure 2(b) ). The lowest MSE (0.024) value was achieved by using the genetic algorithm with 20 neurons in each one of the two hidden layers. The MSE calculated with the genetic algorithm was 200 times less than the MSE (4.79) obtained with the anneal algorithm.
Based on the results obtained in this research, the genetic algorithm was better than the anneal algorithm to predict both the removal efficiency and biosorption capacity of MB on Spirulina sp. biomass. No important differences were found when 20 and 22 neurons were tested to predict either output neuron based on the MSE. In summary, for predicting either the removal efficiency or the biosorption capacity of MB on Spirulina sp., the optimised architecture was built with the genetic algorithm including three input neurons and 20 neurons in each one of the two hidden layers (Figure 2) . Table 1 shows the experimental results of the biosorption experiments and the predicted data with the optimised architecture. As can be observed, the predicted values are close to the experimental values. Predicted values of the removal efficiency showed a higher MSE (0-0.17) than the predicted data of the biosorption capacity (0-0.09). However, these MSE values suggest that the performance of the ANN is adequate to predict the experimental biosorption data.
Sensitivity analysis
In order to determine which variables significantly affect the predicted data of either the removal efficiency or the biosorption capacity of MB on Spirulina sp. biomass, a sensitivity analysis was performed with the genetic algorithm. Table 2 shows the results of the sensitivity analysis. Among all the variables supplied to the genetic algorithm and based on the MSE estimated for each configuration, initial pH (MSE ¼ 3.39) showed a strong influence on the predicted removal efficiency followed by biomass dose (MSE ¼ 3.62) and temperature (MSE ¼ 4.42) . In contrast, biomass dose (MSE ¼ 2.21) showed a stronger effect on the 9 Artificial neural network architecture tested to predict the output neuron (biosorption capacity or removal efficiency) when the input neurons (biomass dose, p1; temperature, p2; and solution pH, p3) were supplied to the genetic or the anneal algorithms. predicted biosorption capacity than the initial pH (MSE ¼ 5.01) and temperature (MSE ¼ 5.53). When supplying two variables to the genetic algorithm, initial pH and biomass dose highly influenced the predicted output neuron (removal efficiency or biosorption capacity) because with these combined variables the MSE value was lower than the other combinations (see Table 2 ).
Experimental biosorption data predicted by isotherm models and ANN
In the screening study (shown in Table 1 ), adsorption capacity varied from 4.72 to 69.98 mg/g but initial methylene blue concentration was 9.67 mg L À1 for all experiments. At pH 5, 35 1C, and a biomass dose of 1.2 g L À1 , the adsorption capacity was 66.98 mg g À1 . At these optimal experimental conditions (pH 5, 351C, and a biomass dose of 1.2 g L À1 ), biosorption experiments (see Table 3 ) were conducted at several initial methylene blue concentrations (10-500 mg L À1 ) to obtain the adsorption isotherm parameters (Langmuir, Freundlich, Fritz-Schlunder, Redlich-Peterson). The maximum adsorption capacity (Q max ), estimated with the Langmuir isotherm, was 917.86 mg g À1 (see Table 4 ). At this monolayer adsorption capacity, the adsorbent is considered to be saturated and no more adsorbate can be sequestered. Equilibrium experimental data was predicted with the isotherm models and the optimal ANN architecture. The ANN was built with the genetic algorithm, one input neuron (C e ), 20 neurons in each one of the two hidden layers and one output neuron (q e ). Table 4 shows the isotherm model parameters and the estimated AAD value. Similar deviations were found for all tested isotherm models (5.0 Â 10 À3 o AADo9.9 Â 10 À3 ). However, the AAD value calculated by using the ANN structure (AAD ¼ 1.0 Â 10 À6 ) was 5,000 times lower than the AAD value of the best isotherm model (Fritz-Schlunder, AAD ¼ 5.0 Â 10 À3 ). Figure 3 shows the biosorption experimental data as well as the predicted results by using the isotherm models and the ANN architecture. At equilibrium concentrations lower than 23 mg L À1 , all models described the experimental data adequately; however, artificial neural network showed a better performance in the studied range.
Findings demonstrated that ANN can be used for predicting biosorption data at several conditions. Nonetheless, 
